Advances in developmental cardiology have increased our understanding of the early aspects of heart differentiation. However, understanding noncoding RNA (ncRNA) transcription and regulation during this process remains elusive. Here, we constructed transcriptomes for both long noncoding RNAs (lncRNAs) and circular RNAs (circRNAs) in four important developmental stages ranging from early embryonic to cardiomyocyte based on high-throughput sequencing datasets, which indicate the high stage-specific expression patterns of two ncRNA types. Additionally, higher similarities of samples within each stage were found, highlighting the divergence of samples collected from distinct cardiac developmental stages. Next, we developed a method to identify numerous lncRNA and circRNA regulators whose expression was significantly stage-specific and shifted gradually and continuously during heart differentiation. We inferred that these ncRNAs are important for the stages of cardiac differentiation. Moreover, transcriptional regulation analysis revealed that the expression of stage-specific lncRNAs is controlled by known key stage-specific transcription factors (TFs). In addition, circRNAs exhibited dynamic expression patterns independent from their host genes. Functional enrichment analysis revealed that lncRNAs and circRNAs play critical roles in pathways that are activated specifically during heart differentiation. We further identified candidate TF-ncRNA-gene network modules for each differentiation stage, suggesting the dynamic organization of lncRNAs and circRNAs collectively controlled cardiac differentiation, which may cause heart-related diseases when defective. Our study provides a foundation for understanding the dynamic regulation of ncRNA transcriptomes during heart differentiation and identifies the dynamic organization of novel key lncRNAs and circRNAs to collectively control cardiac differentiation.
Introduction
Pluripotent-to-cardiomyocyte strategies provide invaluable models for understanding the mechanisms of cell fate determination and offer considerable opportunities in cardiac regenerative medicine (Chong et al., 2014; Tompkins et al., 2016) . Heart differentiation processes depend on the precise control of gene expression patterns and disruption of gene transcriptional networks may induce congenital heart disease (Tan et al., 2002; Liu et al., 2015) . In addition, epigenetic mechanisms, such as noncoding RNA (ncRNA) regulators have recently been related to cardiac development and disease (Li et al., 2013; Di Salvo, 2015; Xu et al., 2016) . However, we currently lack a detailed understanding of dynamic ncRNA expression patterns during developmental transitions in the cardiac lineage.
A large part of the mammalian genome has been demonstrated to transcribe into ncRNAs, and long noncoding RNAs (lncRNAs) have emerged as critical regulators of gene expression (Derrien et al., 2012; Ching et al., 2016; Tompkins et al., 2016) . Although our understanding of lncRNA functions is still emerging, lines of evidence have demonstrated that lncRNAs are important regulators of heart development and disease. For example, the lncRNA Fendrr has been demonstrated to act as a modulator of gene activity in mouse hearts (Grote et al., 2013) . In addition, the lncRNA Braveheart has also been found to interact with the PRC2 complex during cardiac commitment (Klattenhoff et al., 2013) . Genome-wide RNA sequencing has also been employed as a method for defining the lncRNA expression signature of developing hearts, and N100 annotated and newly described lncRNAs have been identified during mouse heart development (Devaux et al., 2015) . The lncRNA Mhrt, which localize in nuclei of cardiomyocytes, was weakly expressed in fetal mouse hearts, but was abundant in adult hearts (Wu and Arora, 2015) . Together, these findings support the important roles of lncRNAs in cardiac specification and differentiation. However, the exact expression patterns and functions of lncRNAs during human heart differentiation have not yet been systematically studied.
In addition to lncRNAs, circular RNAs (circRNAs) have recently emerged as another class of noncoding RNAs. CircRNAs are much more stable than linear RNAs and may play key roles in many biological processes, including heart development and heart-associated diseases (Salzman, 2016) . Discovery of the human circRNA CDR1as acting as a negative regulator of the miRNA miR-7 demonstrated the regulatory potential of circRNAs (Memczak et al., 2013) . The circRNA Foxo3 circular RNA (circ-Foxo3) was found to be highly expressed in heart samples from aged patients and mice (Du et al., 2016) . This circRNA can interact with multiple factors (such as ID-1, E2F1 and FAK) associated with stress and senescence responses to promote cardiac senescence. Moreover, a heart-related circRNA (HRCR) has been demonstrated to act as a miR-223 sponge to inhibit cardiac hypertrophy and heart failure . Employing bioinformatics and sequencing technology, Jakobi et al. compiled a catalog of 575 candidate circRNAs in adult murine hearts (Jakobi et al., 2016) . They found that many of those candidate circRNAs coincide with disease-associated gene loci, such as circRNAs, originating from Ryr2, Hectd1 and Ppp2r3a. These observations led us to systematically investigate the expression of circRNAs in human heart differentiation.
In this study, to acquire a complete map of lncRNA and circRNA expression and their potential functions during human heart differentiation, we integrated RNA sequencing data to determine changes in the expression of lncRNAs, circRNAs and protein coding genes at sequential stages of differentiation: undifferentiated (ESC), mesoderm (MES), cardiac progenitor (CP) and definitive cardiomyocyte (CM). Focusing on lncRNA and circRNA, we characterized the dynamic expression patterns of noncoding RNA regulators during cardiogenesis. Enrichment analysis revealed key transcription factors (TFs) during heart differentiation. Finally, we identified key functional modules that are formed by lncRNAs and protein coding genes in each differentiation stage by regulatory network analysis. Our analysis defines the repertoire of noncoding transcripts during cardiac differentiation, and enhances our understanding of the important roles of lncRNAs and circRNAs in heart differentiation.
Materials and Methods

LncRNA and Protein Coding Gene Expression During Human Heart Differentiation
Genome-wide expression datasets were obtained from the Gene Expression Omnibus (GEO) public database under accession number GSE64417 (Szabo et al., 2015) . Specifically, this dataset included RNA-seq data for four heart differentiation stages: undifferentiated (day 0, ESC), mesoderm (day 2, MES), cardiac progenitor (day 5, CP) and definitive cardiomyocytes (day 14, CM). These data were sequenced by Szabo et al. on the Illumina HiSeq 2500 platform and each stage was performed in biological triplicate, with 3-8 technical replicates each. In total, 71 samples were included in our analysis.
For hESC data at sequential stages of differentiations, raw fastq files from Sequence Read Archive (SRA) were downloaded and processed using Tophat (2.1.0) (Trapnell et al., 2009 ) for alignment and Cufflinks (2.2.1) (Trapnell et al., 2010) for assembly. All default options for these tools were used. The human reference genome GRCh38 and the corresponding gtf annotation were downloaded from Ensembl (release 81). Then, we harvested the expression profile of 71 samples and kept the genes with fragments per kilobase of transcript per million mapped reads (FPKM) N 1 in at least one heart sample. Based on the biotype annotation in the gtf file, we divided the whole gene expression profile into protein coding and lncRNA parts. In addition, lncRNAs were classified as lincRNAs, antisense lncRNAs, 3′-overlapping ncRNAs, senseoverlapping RNAs, processed transcripts and sense intronic types based on their annotation.
Identification of circRNAs During Heart Differentiation
To identify circRNAs, rRNA-depleted RNA-seq data were analyzed using the circBase pipeline with default settings (Memczak et al., 2013; Glazar et al., 2014) . Briefly, the find_circ pipeline was used to find potential circRNAs from the unaligned reads. The alignment was implemented by Bowtie2 (2.2.5) and the genome build GRCh38 was used in our analysis. Here, we filtered the results for circRNAs that had at least two unique reads and calculated the reads per million (RPM) as the expression of circular RNAs. CircRNAs expressed in at least two samples were retained for further analysis. To identify the host genes of the identified circRNAs, we intersected the circRNA and GRCh38 gtf files using bedtools (2.25.0) (Quinlan and Hall, 2010) . Moreover, we used bedtools to map the circRNAs to coding sequences (CDS), 3′ untranslated regions (UTRs), 5′ UTR, antisense transcripts, intronic regions, intergenic regions and ncRNA genes.
Principal Component Analysis and Hierarchical Analysis
To explore the underlying structure of gene, lncRNA and circRNA expression during heart differentiation, principal component analysis (PCA) was performed on the entire expression profile of all the differentiation stages using the R programming language (Team, 2015) . In addition, hierarchical clustering analysis using the R package 'pheatmap' (Kolde, 2015) was applied to expression of the top 500 genes, lncRNAs or circRNAs with high expression variations across all samples. The dendrogram was constructed based on the average distance algorithm.
Stage-Specific lncRNAs, circRNAs and Genes
To identify differentiation stage-specific protein coding genes, lncRNAs and circRNAs, we used an analysis of variance (ANOVA) model with BH-corrected p b 0.05 to select RNAs that were differentially expressed among the differentiation stages. Next, these genes, lncRNAs or circRNAs were filtered based on fold change (FC) between two adjacent differentiation stages. The previous differentiation stage was set as the denominator (MES vs ESC, CP vs MES, CM vs CP) . Genes, lncRNAs and circRNAs with FC N 2 were considered to be up-regulated during differentiation and grouped into the 'Up' pattern. Genes, lncRNAs and circRNAs with FC b 0.5 were grouped into the 'Down' pattern, and the remaining genes were considered non-differentially expressed and grouped into 'Maintain'. Thus, all genes, lncRNAs and circRNAs were grouped into one of 27 possible patterns (including UUU, UUM, UUD, UMU, UMM, UMD, UDU, UDM, UDD, MUU, MUM, MUD, MMU, MMM, MMD, MDU, MDM, MDD, DUU, DUM, DUD, DMU, DMM, DMD, DDU, DDM and DDD).
Regulation and Functional Analysis of lncRNAs, circRNAs and Genes
LncRNAs and genes were further clustered according to their expression patterns and we focused on groups with consistent trends during differentiation. Homer (Heinz et al., 2010) was used to identify motifs in the promoters of lncRNAs and genes (encompassing regions 1500 bp upstream and 500 bp downstream of the translation start site) from each cluster. The software arguments '-noweight' and '-nlen 0' were adopted and all of the lncRNAs or genes served as the background set in the motif analysis.
To reveal the functions of lncRNAs and circRNAs with different expression patterns, the co-expressed genes of lncRNAs in each cluster were identified using the Pearson correlation analysis (PCC). For each pair of lncRNA (x) and protein coding gene (y), we calculated the PCC as follows:
where RX was the expression for lncRNA x in samples and RY was the expression for gene y in samples. μRX and μRY were the mean expression of lncRNA x and gene y. σRX and σRY were the standard deviation of RX and RY. E was the expectation. Only pairs with FDR b 0.01 were included for functional enrichment analysis. We made a functional enrichment analysis for each cluster using Bioconductor package 'TCGAbiolinks' based on hypergeometric test (Colaprico et al., 2016) . Analyses were not performed for clusters with too few co-expressed genes.
Regulatory Network Analysis of lncRNAs, circRNAs and Genes
The expression profiles of stage-specific genes, lncRNAs and circRNAs were integrated to serve as inputs for the weighted gene coexpression network. Weighted correlation network analysis (WGCNA) (Langfelder and Horvath, 2008) was used for the construction of coexpression networks and identification of the stage-specific modules. Specifically, the pair-wise co-expression matrix A ij was generated, which is a symmetric n * n matrix. Co-expression similarity between gene i and j was defined as the absolute value of the correlation:
The topological overlap matrix (TOM) was then determined based on the co-expression similarity matrix T = [t ij ]. The TOM similarity between two genes was defined as follows:
where the index u ran across all genes of the network and k i = ∑ u a iu . Basically, TOM is an indicator of the agreement between sets of neighboring genes of i and j. The TOM was clustered, and gene modules were identified. Module characterizations were depicted using the expression profiles of eigen-genes. In addition, we collected 49 heart differentiation-related genes from the literature. To identify heart disease-related genes and lncRNAs, we downloaded the heart disease-related single-nucleotide polymorphisms (SNPs) from GWAS catalog (Welter et al., 2014) . Here, we focused on genes and lncRNAs in proximity (within 100 kb) to diseaserelated SNPs (Wagschal et al., 2015) . This process was achieved using bedtools. In total, we identified 70 genes and 94 lncRNAs for further analysis. Moreover, we also added transcription factors into these functional modules. The sequences of lncRNAs were downloaded from UCSC, and 'match' was used to predict whether the TF motifs were presented in the promoters of lncRNAs. To identify context-specific TFlncRNA regulation, we used co-expression analysis to filter sequencebased regulation. Here, we focused on stage-specific expressed lncRNAs, which were those with more than two-fold expression in specific differentiation stages. Genes co-expressed with lncRNAs or circRNAs in the top 1% and with correlation coefficient (absolute value) N0.9 were retrieved for visualization of the modules. For gene-circRNA pairs, we required the correlation coefficients (absolute value) to be N 0.45.
Literature Curation of Heart-Related Genes
To investigate whether the genes in the network modules were associated with heart-related functions, we searched PubMed and explore the co-occurrence of genes and heart-related keywords ('heart', 'differentiation' and 'cardiac'). This process was performed by R package 'RISmed'
(https://cran.r-project.org/web/packages/RISmed/index. html).
Results
Global Gene Expression Patterns During Heart Differentiation
To investigate the temporal expression transcriptome profiles of human heart maturation, we collected RNA-Seq-based datasets at defined stages of cardiogenesis (Szabo et al., 2015) , including ESC, MES, CP and CM. After read mapping and transcriptome assembly, 15,574 mRNAs, 7533 lncRNAs and 1702 circRNAs were expressed during heart maturation (Fig. S1 ). Specifically, some marker genes were specifically expressed at corresponding stages, such as the pluripotency genes OCT4 and NANOG that were expressed at higher levels in the ESC stage, and mesodermal markers (BRACHYURY and MESP1) and cardiac transcription factors (ISL1 and TBX5) that were expressed in the MES and CP stages. In addition, MYH6 and MYH7 were specifically expressed in the CM stage ( Fig. 1a and Fig. S2) .
Analysis of the global expression patterns of mRNAs, lncRNAs and circRNAs during cardiac differentiation showed that the expression of lncRNAs was lower than that of mRNAs ( Fig. 1b and Fig. S3 ). Approximately 60% of the lncRNAs had FPKM values between 1 and 2 in the four differentiation stages, whereas only approximately 4% had FPKM values N 20. Next, we mapped lncRNAs to genomic regions and found that 38.7% of the lncRNAs were derived from intergenic regions (Fig. 1c) , suggesting that high-throughput sequencing allows the investigation of more noncoding RNAs that play key roles in cardiogenesis. In addition, evidence has demonstrated that neural tissues are highly enriched in circRNAs compared to other tissues (Veno et al., 2015) . Although the expression of circRNAs was even lower than that of lncRNAs (Fig. 1b) , several circRNAs (such as, circ-SLC8A1) were supported by about 100 junction-spanning reads (Fig. S4) . Consistent with previous studies in other tissues (Rybak-Wolf et al., 2015) , these heartexpressed circRNAs were usually derived from coding sequences (CDS, 58.7%) and 5′ UTR exons (19.4%, Fig. 1c) .
Next, we performed principal component analysis (PCA) to reveal the underlying structure of the whole transcriptome from distinct differentiation stages. PCA analysis showed that samples from each stage were well aligned by the mRNA and lncRNA expression profiles (Fig. S5a) . In addition, all the samples were clustered by the top 500 genes, lncRNAs and circRNAs with higher expression variation. Clustering analysis showed that samples of the same stages were clustered together well (Fig. 1d and Fig. S5b ). These analyses showed a higher similarity of samples within each stage and highlighted the divergence of samples collected from distinct cardiac developmental stages, suggesting that overall gene, lncRNA and circRNA expression patterns change gradually over the course of heart maturation.
Dynamic Transcriptional Profiles Diverge at Distinct Differentiation Stages
Based on the patterns revealed by PCA and clustering analysis, RNA expression changes gradually during cardiogenesis. We therefore identified temporally differentially expressed genes, lncRNAs and circRNAs using the ANOVA approach. Based on a false discovery rate (FDR) b 0.05, 3488 lncRNAs, 10,115 mRNAs and 198 circRNAs with temporal expression were identified (Fig. 2a-c and Tables S1-S3). Unexpectedly, mRNAs and lncRNAs were changed mostly during the first three stages. Specifically, 1470 lncRNAs were up-regulated during MES differentiation (Fig. 2b) , suggesting that lncRNAs are likely important for cell commitment. However, most circRNAs (161) were differently expressed during the differentiation from CP to CM. Of these circRNAs, most were up-regulated in CM (Fig. 2c) , indicating that circRNAs might play key roles in heart cell specification.
By comparing any two adjacent differentiation stages, using the younger stage as the denominator (see Methods), 27 possible patterns of lncRNA and mRNA expression were identified ( Fig. 2d and Fig. S6 ). LncRNAs and mRNAs were non-randomly represented across all these patterns. Relatively few lncRNAs and mRNAs exhibited continuously increased (UUU, 26 lncRNAs and 23 protein coding genes) or decreased (DDD, 44 lncRNAs and 239 protein coding genes) expression during heart differentiation, as most lncRNAs (53.70% or 4045/7533) and mRNAs (35.05% or 5459/15,574) remained unchanged during cardiogenesis. However, the MES to CP differentiation triggers significant changes in lncRNAs (MUM or MDM). This process also revealed some known lncRNAs that were demonstrated to play critical roles in heart, including LNC-ROR and KCNQ1OT1 (Fig. S7) .
Regarding circRNAs, only one circRNAs exhibited continuously increased expression (circ-PCMTD1), and one circRNA exhibited continuously decreased expression (circ-TUBA1B, Fig. S8 ). Expression of most circRNAs (103) was triggered by CP differentiation (MMU, (Table S3) . Specifically, two circRNAs circ-TTN were up-regulated from the MES to CM stage (MUU), suggesting their critical roles in cardiogenesis (Tan et al., 2017) . However, we observed that the expression patterns of its host gene (TTN) was distinct from this circRNA, suggesting that they function independently from the linear genes. Taken together, these results suggested a dynamic transcriptome during heart differentiation, and our analyses identified several potential non-coding regulators and will facilitate additional studies of lncRNAs and circRNAs in cardiogenesis.
Stage-Specific Regulation and Cellular Functions of lncRNAs During Cardiac Differentiation
The above analyses indicated that lncRNAs are expressed in a stagespecific manner during cardiac differentiation, which raised the question of which factors regulate stage-specific expression patterns. To address this central question, we focused on eight groups of lncRNAs without inverse expression during differentiation (Fig. 3a) . Among these lncRNAs, we identified 697, 169, 305 and 509 lncRNAs that were highly expressed at the ESC, MES, CP and CM stages, respectively. Several representative lncRNAs were also identified, including LNC-ROR, KCNQ1OT1 and NFIA-AS1. LNC-ROR has been shown to contribute to the maintenance of embryonic stem cells. In this study, this lncRNA was highly expressed in ESC, and its expression was decreased during cardiac differentiation (Fig. 3a and Fig. S7 ). In addition, KCNQ1OT1 has been shown to effect transcription via chromatin flexibility, and access to enhancers in the developing heart (Korostowski et al., 2012; Devaux et al., 2015) and to be highly expressed in cardiac progenitors and cardiomyocytes (Fig. 3a and Fig. S7) . Notably, NFIA-AS1, which was shown to act as a regulator to control NFIA-regulated miR-382-5p expression in atherosclerosis Ballantyne et al., 2016) , showed a stage-specific expression pattern in cardiomyocytes (Fig. S7) .
Given that transcription factors (TFs) can act as master regulators of gene expression programs (Budden et al., 2015; Uosaki et al., 2015) , we hypothesized that motifs for TFs that drive cardiac differentiation would be enriched in the promoters of lncRNAs. We found that TF motifs showed stage-specific enrichment patterns (Fig. 3b) . Some TF motifs were over-represented at each differentiation stage, including those that regulate the ESC state (NANOG) and cardiac development (Fig. 3c , such as MEIS, GATA, NFAT, etc.). MEIS1 has been implicated in heart development (Wamstad et al., 2012) , and our analysis suggested that approximately 90.53% of all lncRNAs are enriched for the MEIS1 motif. Moreover, NFAT coupled with calcineurin regulates cardiomyocyte maturation (Graef et al., 2001; Hogan et al., 2003; Schulz and Yutzey, 2004 ), but abnormal signaling will result in pathological cardiac hypertrophy (Molkentin, 2004; Wilkins et al., 2004) and heart failure (Diedrichs et al., 2004) . We observed that approximately 68.96% of the lncRNAs that were highly expressed at the CM stage could bind NFAT (Fig. 3c) . These results indicated that the stage-specific expression of lncRNAs are strictly regulated by these TFs.
The regulation and function of stage-specific protein-coding genes also revealed that they are regulated by specific TFs and enriched for heart-associated functions (Fig. S9) . We thus employed 'guilt by association' to identify the corresponding stage-specific protein-coding genes that are co-expressed with specifically expressed lncRNAs at each stage (Pearson's correlation FDR b 0.01) and performed functional enrichment analysis. Our analysis revealed that lncRNAs were indeed involved in cardiac specification and differentiation. For instance, CP-specific lncRNAs were enriched for 'notch signaling pathway' (Fig. 3d) , which is a crucial cell-fate regulator in the developing heart (Niessen and Karsan, 2008; de la Pompa, 2009; Kwon et al., 2009; de la Pompa and Epstein, 2012) . Mutations in this pathway have been associated with human congenital heart defects, such as aortic valve disease (Garg et al., 2005) and ventricular septal defects. In addition, we observed that several familiar signals including calcium, PKA and ILK signaling were enriched at the CM stage (Fig. 3d) . Lines of evidence have suggested that these signals play essential roles in cardiomyocytes. For example, protein kinase A/C can regulate cardiac L-type calcium channels, and abnormal calcium remodelling may cause heart disease (Kamp and Hell, 2000) . ILK signaling can promote cardiac cell migration, survival and repair (Bock-Marquette et al., 2004; Hannigan et al., 2007) . Consequently, these results indicate that lncRNAs exhibit spatially and temporally dynamic expression under the control of specific TFs and could serve as important regulators during cardiac differentiation.
Functional Analysis of circRNAs Associated With Cardiogenesis
Recent studies have suggested that circRNA expression does not always correlate with expression of the linear transcript from which it is derived (Memczak et al., 2013; Salzman et al., 2013 ). This could be due to differences in their biogenesis. Although most circRNAs were not co-expressed with their host genes, we observed an obvious coexpression relationship between circRNAs and their corresponding mRNAs compared with random mRNAs (Fig. 4a, p b2.2e-16 ). In addition, we observed that N400 host genes from which circRNAs were derived could process more than one circRNAs (Fig. 4b) but their expression patterns could be different. In total, we identified 23 differentially expressed genes that were capable of generating more than one circRNA (Fig. 4c) . All of these host genes could generate at least one circRNA with a different expression pattern. For example, SLC8A1 possess two identical circRNAs but have different expression pattern within two of the circRNAs (Fig. 4d) . SLC8A1 showed continually upregulation during heart differentiation (UUU), but one circRNA had the UMU pattern, while the other one had the MMU pattern. There is one circRNA derived from TTN is also with distinct pattern from its host gene (Fig. 4d) .
CircRNAs are widely expressed in cell-type or tissue-specific patterns, and a subset of circRNAs appears to be conserved across species (Jeck and Sharpless, 2014; Qu et al., 2015) . In addition, many studies suggest that circRNAs display dynamic expression patterns during development (Memczak et al., 2013; Rybak-Wolf et al., 2015) , which is what we observed during cardiogenesis (Fig. 4e) . The dynamic changes in abundance suggested that circRNAs may play a key role in cardiogenesis. We therefore performed functional enrichment analysis using 'guilt by association' and found that the pathways in which circRNAs participated were basically consistent with specification and differentiation (Fig. 4f) , including mouse ESC pluripotency being enriched at the ESC stage and calcium signaling and cardiomyocyte differentiation via BMP receptors being enriched at the CM stage.
Network Analysis Reveals That lncRNAs and circRNAs are Associated With Cardiac Differentiation
A usual notion suggests that molecular networks are central to biological function and networks describing a certain biological process may depend on biological contexts such as cell type. We hypothesized that interactions among genes, lncRNAs and circRNAs partly expose their biological processes in cardiogenesis. We then performed weighted gene co-expression network analysis for stage-specific lncRNAs, circRNAs and genes (including 4876 genes, 1680 lncRNAs and 169 circRNAs). Based on the expression profiles of eigen-genes, we identified six stage-specific modules (Fig. 5a) . Next, we focused on four modules that showed strong stage-specific expression. Then, we extracted the top 1% of genes that were co-expressed with lncRNAs or circRNAs from the co-expressed modules and identified some key lncRNAs that may play roles in heart-related diseases. We observed that the genes and lncRNAs in this core sub-network show dynamic expression during cardiac differentiation (Fig. S10-S13 ).
In addition, our results indicated that the dynamic expression of lncRNAs and genes was strictly regulated by TFs. We thus included TF regulation into these modules ( Fig. 5b and Table S4 ). Our network analysis revealed some lncRNAs, as well as the regulators mediated their dynamic expression that play critical roles in heart differentiation (Table S5) . MIAT has been shown to exhibit significantly increased expression in Ang II-induced cardiac hypertrophy and to contribute to pathological development by suppressing miR-150 expression in cardiomyocytes . We observed that this lncRNA was highly expressed at the ESC stage and co-expressed with NEFH (Fig. 5c) . Specifically, the promoter region of this lncRNA can be bound by ES-specific TFs, such as POU5F1, NANOG and SOX2. These TFs were co-expressed with MIAT (Fig. 5c) . These results show that with the strict regulation imposed by these ES-specific TFs, the lncRNA MIAT might play critical roles in ESC by targeting NEFH coding genes. In addition, our analyses revealed another lncRNA (TTN-AS1) that might play important roles in heart differentiation. This lncRNA exhibited increased expression during heart differentiation ( Fig. 5d) , and was regulated by MIFT and TBX2. MITF has been demonstrated to play an essential role in β-adrenergic-induced cardiac hypertrophy (Tshori et al., 2006) , and Tbx2 is a determinant in the local repression of chamberspecific gene expression and chamber differentiation (Christoffels et al., 2004) . Moreover, we found that this lncRNA was co-expressed with TANC1, which has been shown to be highly expressed in in human hearts (Arking et al., 2011) . All these results point to the important roles of TTN-AS1 in heart differentiation.
Moreover, we also revealed some important circRNA regulators, such as circ-TTN. Based on network analysis, these circRNAs were coexpressed with some critical genes, including MYL4 (Fig. 5b) . Evidence has indicated that the mutation of MYL4 leads to the disruption of sarcomere structure, atrial enlargement and electrical abnormalities associated with human atrial fibrillation (Orr et al., 2016) . Our analysis elucidated another regulatory layer for this gene by targeting circRNAs in heart differentiation. Taken together, integrated network analysis revealed not only several critical lncRNA and circRNA regulators in heart differentiation, but also their upstream regulators and downstream target genes.
Discussion
To advance our understanding of the molecular underpinnings of heart differentiation, we performed a global survey of ncRNA transcriptome profiles across discrete stages of heart differentiation. Our analyses showed dramatic differential expression changes of lncRNAs and circRNAs during cardiogenesis, revealing a previously unrecognized complexity of cardiac differentiation.
An increasing number of studies have demonstrated the critical roles of lncRNA in heart development and differentiation. Some lncRNAs, such as Braveheart and Mhrt have been shown to exhibit aberrant expression in heart-related diseases. However, most studies focus on defining the regulatory functions of lncRNAs, whereas few investigations focus on assessing how lncRNA themselves are transcriptionally regulated (Tompkins et al., 2016) . Here, we found that the atlas of ncRNA temporal expression was well correlated with transcriptional regulation changes. Most TF regulators, such as NANOG, MEIS1, GATA1 and NFAT, were activated or inactivated at specific heart differentiation stages. In addition, these stage-specific ncRNAs were well correlated with the biological functions of each differentiation stage. For example, lncRNAs highly expressed in the ESC stage were related to the ESC pluripotency pathway and those highly expressed in the CM stage were enriched in calcium, cardiomyocyte differentiation via BMP receptors and ILK signaling pathways. In addition to TF regulation, lines of evidence have also indicated that epigenetic regulation, including DNA methylation and histone modification play critical roles in regulating the expression of lncRNAs (Serra-Juhe et al., 2015; Zhong et al., 2016) . Integration of multiple epigenetic datasets may provide novel insights into the regulation of lncRNAs during heart differentiation.
Deep sequencing techniques and advanced bioinformatics analysis methods recently enabled the characterization of thousands of circRNAs in numerous tissues and organisms. Emerging evidence also suggests that some circRNAs may have important biological functions or serve as diagnostic biomarkers in disease conditions, including heart differentiation and heart related diseases. Here, we observed that most circRNAs were also dynamically expressed during cardiogenesis. Specifically, they show distinct expression patterns with their host genes (such as circ-SLC8A1), indicating their independent functions. Concerning their biological function, circRNAs are hypothesized to serve as epigenetic miRNA sponges (Taulli et al., 2013) . However, available experimental data are not very comprehensive, especially for investigating the global regulation and function of circRNAs. In this study, we inferred the circRNA functions based on the genes with which they were coexpressed and the identified circRNAs showed stage-specific functions during heart differentiation.
In this current study, we used the commonly used method (ANOVA) to identify the differentially expressed mRNAs, lncRNAs and circRNAs during heart differentiation (Yu et al., 2014; Zhang et al., 2016) . There are a number of statistical tests specifically designed for RNA-Seq data, such as DESeq (Love et al., 2014) and edgeR (Robinson et al., 2010) . To identify the genes that are more likely to be important, we also used DESeq to identify the DEGs. We found that the overlap of DEGs is very high (92.01% for lncRNAs; 75% for mRNAs), suggesting that to some extent our results were robust to the statistical tests. In addition, several pipelines have been developed to specifically identify the nonlinear reads and consequently predict the landscape of circRNAs based on deep sequencing datasets. Integration of the results derived from different methods are likely to reduce the false positives. Next, we also used CIRI (Szabo et al., 2015) to identify circRNAs. We found that the majority (64.80%) of circRNAs were also identified by this method. These overlapping circRNAs might be better candidates for further experimental validation (Table S3) .
The current study utilized bioinformatics to determine the dynamic transcriptome landscapes of lncRNA and circRNA regulators during heart differentiation. Thus, it will be important to investigate the expression dynamic of the key regulators and their target genes by biochemical methods in the future. Collectively, our study provides a foundation for understanding lncRNA and circRNA expression and regulation during heart differentiation.
Supplementary data to this article can be found online at http://dx. doi.org/10.1016/j.ebiom.2017.09.015.
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